With the proliferation of remote sensing platforms as well as numerous ground products based on weather radar estimation, there are now multiple options for precipitation data beyond traditional rain gauges for which most hydrologic models were originally designed. This study evaluates four precipitation products as input for generating streamflow simulations using two hydrologic models that significantly vary in complexity.
INTRODUCTION
indicate that model complexity and data availability control the predictive performance of a hydrologic model. In general, hydrologic models can be divided into three categories based on complexity: simpleentirely empirical, lumped models; complexphysically based, distributed models; and moderatehybrid, semi-distributed models. Models selected for this study include the moderate in complexity Soil and Water Assessment Tool In terms of data availability, arguably the most important data type for driving a long-term hydrologic simulation is precipitation. With the proliferation of dozens of precipitation products over the last decade from diverse remote sensing platforms the issue of limited precipitation data availability can potentially become a moot point in the future. However, the accuracy and quality of remotely sensed precipitation products varies greatly.
Historically, ground-based products, such as the National Weather Service (NWS) Multi-sensor Precipitation Estimator (MPE) outperform satellite platforms, such as products from the Tropical Rainfall Measurement Mission (TRMM; e.g., Gottschalck et al. ) . The MPE product merges rainfall from rain gauges, NWS Next Generation Radar (NEXRAD), and Geostationary Operational Environmental Satellite and this merged product outperforms baseline NEXRAD data (e.g., Wang et al. ) . However, TRMM has also undergone continuous improvement in the precipitation retrieval algorithm, with early 2009 defining the beginning of the latest era for this product, as a result Precipitation Analysis (TMPA-RT) product (Huffman et al. ) .
With the near ubiquitous coverage of remotely sensed precipitation data, data availability is no longer a primary control on the performance of a hydrologic model. As remotely sensed precipitation becomes viable, hydrologic modelers need to begin to assess the quality of precipitation data as well as model complexity as a primary hydrologic model control. This study is an objective inter-comparison that evaluates how both precipitation type (MPE, rain gauge, TRMM) and model complexity (SWAT, GSSHA) influence the quality of streamflow simulations within three moderate-to-large basins from the southern United
States.
STUDY AREAS
This study focuses on three basins (Figure 1) : the San Casimiro (south Texas; 1,233 km 2 ); Alapaha (south Georgia; 3,596 km 2 ); and Skuna (northern Mississippi; 661 km 2 ).
Each of these basins has a United States Geological
Survey (USGS) streamflow gauge present at the outlet of the watershed (San Casimiro, 08194200; Skuna, 07283000; Alapaha, 02317500). Note that these three basins are among the 1,861 candidate basins considered for the NOAA Model Parameter Estimation Project program (MOPEX); but were not selected within the final 431 basins because these watersheds lack a rain gauge station within their geographic confines. Tobin & Bennett () previously examined the Alapaha basin, unlike the San Casimiro and Skuna basins.
However, the key characteristics of all three watersheds are given below. The Alapaha basin has sandy clay loam (72%) with minor sandy loam (20%), sand (6%), and miscellaneous soils (2%).
PRECIPITATION PRODUCTS AND DATA
Four precipitation products are used as the fundamental input for the hydrologic models executed in this study.
These products include two ground-based precipitation data types (rain gauge; MPE) and two satellite-based pro- Skuna -Tupelo RGNL AP, 75 km; Alapaha -Dublin, 130 km). These rain gauges have a minimal number of missing dates and were selected only if a station had less than ten missing records within the examined period. Therefore, rainfall across the examined watersheds is based on a single rain gauge; although, in the SWAT model corrections are made for variations in elevation that are present within each watershed (Neitsch et al. ) . The rationale for the use of limited rain gauge data is based on the premise that in the developing world, where satellite precipitation products will likely have the greatest utility, basins lacking rain gauges are a common occurrence (Pan et al. ) .
This study is configured in such a manner that its results can be transferred to data-poor settings. Temporal resolution between the four precipitation products differs (rain gaugehourly, daily; MPEhourly; satellite products -3 hourly). Hourly precipitation data were used as input for the GSSHA model and the mean precipitation value for the satellite products during a 3-hourly period was used to generate three uniform hourly precipitation values for each hourly period. For the SWAT model daily precipitation was the primary input and MPE as well as satellite products were temporally aggregated to a daily time step. GSSHA is a physical, fully distributed model in which water balance calculations occur within a regular grid framework and are based more on a physics-based as opposed to empirical approach (Downer & Odgen ) .
GSSHA is a comprehensive model that is capable of simu- Table 1 ).
The remaining parameters are essentially unconstrained by prior information and include the soil evaporation compensation factor (ENCO), plant uptake compensation factor (EPCO), threshold depth in the shallow aquifer required for return flow to occur (GWQMN), the Groundwater 'Reevap' coefficient (GW_REVAP), threshold depth in the shallow aquifer for percolation to the deep aquifer to occur (REEVAPMN), potential 
where N is the number of observations. Q obs,a is the average observed streamflow and Q sim,i and Q obs,i are the simulated 
STREAMFLOW RESULTS
In the San Casimiro basin, both MPE and TRMM 3B42 yielded acceptable streamflow values with GSSHA and SWAT at a monthly time scale (Table 5) . Interestingly, the MPE-based GSSHA simulation does not exhibit a large drop-off in performance even at a daily time scale (Table 5 ). Both rain gauge and TMPA-RT data do not support acceptable simulations with any model (Table 5 ). In the Alapaha basin, all precipitation products yielded acceptable streamflow simulations at the monthly time scale (Table 6) . No acceptable simulations were generated at a daily time scale (Table 6 ). GSSHA supports acceptable simulations based on all precipitation products, whereas only MPE and TMPA-RT SWAT-based simulations are marginally acceptable (Table 6 ). Finally, in the Skuna basin the opposite trend is noted between GSSHA and SWAT where SWAT generally exhibits superior performance over GSSHA (Table 7) . Both MPE and TRMM 3B42 yielded acceptable streamflow values with GSSHA and SWAT at a monthly time scale (Table 7) . The rain gauge simulation was unique in that acceptable streamflow simulations were obtained with the SWAT model at a monthly time scale but not with GSSHA (Table 7) . Finally, TMPA-RT data do not support acceptable simulations with any model in this basin (Table 7) .
DISCUSSION AND SUMMARY
A primary insight realized in this study is that poor, nonrepresentative precipitation data produce unsatisfactory simulated streamflow independent of model complexity.
Additionally, hydrologic model complexity or model parameterization is not a panacea for poor quality or nonrepresentative precipitation data. These insights support the primacy of precipitation data over model set-up or complexity in supporting quality streamflow simulations. The old adage seems correct in that even complex models are vulnerable to the paradigm where 'garbage in' produces 'garbage out'. (Figure 2(c) ). The main conclusion relating to precipitation type is that MPE yields slightly superior results compared to TRMM 3B42, whereas TMPA-RT has not matured to consistently support hydrologic modeling.
A surprising insight was that there is not a clear choice in terms of whether GSSHA or SWAT was superior for the basins examined. In results from the San Casimiro and Alapaha basins, GSSHA seem to support better model results (Tables 5 and 6) , whereas in the Skuna basin (Table 7) SWAT seems to be superior. Additionally, no clear trends resulted when examining different combinations of precipitation and model type in terms of the MBE of simulated streamflow. Most simulations had a MBE within ±10%, which is consistent with the similar precipitation values (Table 5 ). Based on the above results, higher resolution DEMs can support better SWAT model performance, at least at coarse time scales, with an ideal resolution of 10 m. However, the impact of model resolution within GSSHA is not manifest, requiring consideration of another factor (basin size).
SWAT can support the modeling of small to very large watersheds in excess of 1,000,000 km 2 (Gassman et al.
)
, whereas GSSHA is designed for smaller basins (Shen & Phanikumar ) . Simply stated, all basins examined are greatly in excess of the recommended upper limit (100 km 2 ) for the size of a watershed that can be directly modeled by GSSHA. Consequently, the application of GSSHA in this study is perhaps fundamentally disadvantaged compared with SWAT. However, despite the identified limitations associated with GSSHA in this study an MPE-based simulation from the San Casimiro basin supported daily simulations unlike SWAT, which yielded acceptable simulations only at coarser time scales (Table 5) . Additionally, San Casimiro TRMM 3B42 simulation based on GSSHA yielded acceptable results when an objective evaluation of simulated streamflow was made over a 3-day period (NS ¼ 0.77; Table 5 ) and only sharply fell to unacceptable levels at a daily timescale (NS ¼ 0.32; Table 5 ). Conversely, SWAT simulations based on TRMM 3B42 were only acceptable at a monthly timescale (Table 5 ). These results suggest that even under less than ideal modeling conditions, the model complexity associated with a fully distributed model can confer an improvement in performance at finer time scales over semi-distributed models. Admittedly, this conclusion is based on modeling results from only one basin and additional research is clearly needed to determine whether this conclusion can be extended to other watersheds. These insights are useful if one wants to use GSSHA, or other distributed models, with satellite precipitation products whose level of development at this point is only sufficient to support modeling in moderate to large sized basins. SWAT certainly can support modeling using satellite precipitation data; however, this study suggests that model performance, at especially finer time scales, will not be as potentially robust as simulations based on distributed models like GSSHA.
